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Background: Obesity and overweight are multifactorial diseases that affect two thirds of Americans, lead to
numerous health conditions and deeply strain our healthcare system. With the increasing prevalence and dangers
associated with higher body weight, there is great impetus to focus on public health strategies to prevent or curb
the disease. Electronic health records (EHRs) are a powerful source for retrospective health data, but they lack
important community-level information known to be associated with obesity. We explored linking EHR and
community data to study factors associated with overweight and obesity in a systematic and rigorous way.
Methods: We augmented EHR-derived data on 62,701 patients with zip code-level socioeconomic and obesogenic
data. Using a multinomial logistic regression model, we estimated odds ratios and 95% confidence intervals (OR,
95% CI) for community-level factors associated with overweight and obese body mass index (BMI), accounting for
the clustering of patients within zip codes.
Results: 33, 31 and 35 percent of individuals had BMIs corresponding to normal, overweight and obese,
respectively. Models adjusted for age, race and gender showed more farmers’ markets/1,000 people (0.19, 0.10-0.36),
more grocery stores/1,000 people (0.58, 0.36-0.93) and a 10% increase in percentage of college graduates (0.80,
0.77-0.84) were associated with lower odds of obesity. The same factors yielded odds ratios of smaller magnitudes
for overweight. Our results also indicate that larger grocery stores may be inversely associated with obesity.
Conclusions: Integrating community data into the EHR maximizes the potential of secondary use of EHR data to
study and impact obesity prevention and other significant public health issues.
Keywords: Electronic health record, Obesity, Data integration, Community data, Clinical research informatics,
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The prevalence of obesity and overweight in the United
States (US) has drastically increased over the past 20
years, with over one third of adult men and women con-
sidered obese in 2010. An additional third of the adult
population is overweight, and approximately 18% of chil-
dren and adolescents aged 6–19 are obese [1,2]. Beyond
links with higher all-cause mortality [3], obesity is asso-
ciated with numerous comorbidities, including hyper-
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unless otherwise stated.osteoarthritis, and cancers [4]. Obesity-related diseases
cost $19.1 billion annually in the US alone [5], heavily
straining the health care system and further demonstrat-
ing the need to focus on treatment and prevention of
this dangerous and costly disease [6].
While the causes of obesity are multifactorial, envi-
ronmental factors may influence the development of the
disease [7,8]. Through Geographic Information Systems
(GIS) and other spatial analysis methods, researchers can
map and explore the link between area of residence and
health outcomes like obesity and overweight [9,10]. By
characterizing neighborhoods according to community-
level factors, we may be able to study their effects on dis-
ease distributions, including obesity [11-13]. For example,d. This is an Open Access article distributed under the terms of the Creative
ommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and
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as parks, walkable neighborhoods and recreational faci-
lities have been associated with lower rates of obesity
[14-16]. Similarly, increased access to fruits and vegetables
through neighborhood grocery stores and farmers’ mar-
kets has also been associated with lower rates of obesity
[16-18], even though the selection of healthy food at these
stores varies by size and type of store [19]. Socioeconomic
indicators like education and income, which are often in-
tricately intertwined with place of residence, have been
linked to obesity as well [20-22]. Understanding which of
these underlying environmental factors contribute most to
overweight and obesity is crucial for determining preven-
tion targets.
In parallel to the rising obesity epidemic, the use of
electronic health records (EHRs) in the US has also sky-
rocketed. This increase is due in a large part to the 2009
passage of the Health Information Technology for Eco-
nomic and Clinical Health (HITECH) Act, part of the
American Recovery and Reinvestment Act (ARRA), a
federal stimulus bill which provides incentive payments
for health care providers to offset costs associated with
EHR implementation [23]. With the passage of HITECH,
the US Congressional Budget Office estimated that by
2019, 70% of hospitals and 90% of physicians would adopt
EHRs for their practices [24]. Most of the stimulus bill
funds are allocated as Centers for Medicare and Medicaid
Services incentive payments for “meaningful use” of health
information technology, mandating that EHRs contribute
to enhanced quality, efficiency and engagement in health-
care [25,26].
Beyond using the EHR to enhance patient care, the
increase in adoption and emphasis on meaningful use
presents significant opportunity to utilize EHRs for sec-
ondary research purposes [27]. As these data are already
collected, the research costs lie only in the analysis, and
patient-level clinical data can be aggregated for research
that impacts the larger population [28,29]. While data
extraction, workflow and regulatory barriers surrounding
the reuse of EHR data still exist, EHRs may ultimately
allow scientists to surmount translational research barriers
by capitalizing on these rich data sources, fully enabling
patient-centered outcomes and comparative effectiveness
research [30,31].
As secondary use of EHR data becomes more sophisti-
cated, there is a need to expand the way we think about
and leverage these data. In the case of obesity preven-
tion, previous studies linking environmental factors are
varied in their methods, subjects and results. If we can
harness the tremendous data source already available in
the EHR, we will be able to study these factors in a more
systematic and powerful way. However, since informa-
tion on key community-level factors is not contained in
the EHR, current studies on obesity in the context ofonly the EHR are limited. As we try to shift the focus of
healthcare towards wellness and prevention, these com-
munity data that exist beyond the confines of clinics and
hospitals are increasingly important [32,33]. We hypo-
thesized that adding community-level data on socio-
economic and obesogenic environmental factors would
enrich EHR-derived data and enable us to better study
overweight and obesity in a patient population. To ex-
plore this methodology as a way of generating future
hypotheses concerning obesity-related factors, we spe-
cifically focused on community-level factors previously
correlated with obesity, such as access to nutritious food
and physical activity, as well as income, population size
and education. Our study aimed to investigate possible
associations between these community-level factors and
the prevalence of overweight and obesity, in order to
generate specific hypotheses and demonstrate the valid-
ity of the secondary use of these data sources.
Methods
Study design
We obtained patient-level data from The Ohio State
University Wexner Medical Center (OSUWMC), a large
academic medical center in Franklin County, Ohio ser-
ving a socioeconomically and demographically diverse
population. Our 62,701-person final cohort included in-
patients and outpatients aged 18–67 with an address of
record in Franklin County seen between October 2010
and September 2011. We excluded 24 patients for whom
either height or weight was not recorded, and excluded
patients whose calculated values for body mass index
(BMI, kg/m2) were implausible or too extreme. In total,
these comprised 1,396 observations where BMI was
below 18.5 and 3,417 observations where BMI was above
45. We also removed 4,796 observations where the indi-
vidual’s race was listed as missing or was from a category
that was too small to meet the sample size assumptions
of logistic regression. Finally, we excluded 135 patients
for whom we did not have an adequate zip code of re-
sidence, due to differences in how zip codes that overlap
with county lines are classified by our various data sour-
ces. The Ohio State University Institutional Review Board
approved this research.
Data sources
As the community-level data of interest for this study
was not present in the EHR, we linked diverse data
sources for this analysis. From the OSUWMC Infor-
mation Warehouse, we requested height and weight
data from the most recent visit where these data were
recorded, as well as gender, race, year of birth and zip
code.
We used a database of consumer behavior trends
(Nielsen PrimeLocation) to capture socioeconomic and
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are collected through phone, mail and online surveys, as
well as increasingly through automated methods such
as barcode scanners and smartphone applications. We
linked socioeconomic data, such as median household
income, percent unemployment, percent below poverty
level, population size and education with its correspond-
ing zip code.
We grouped education variables into larger categories
to reflect categorizations of the US census. For example,
we created the variable for percent of population with a
high school degree by summing the number of individ-
uals over 25 in each zip code who were high school
graduates, the number who had completed some college
but had not attained a degree and the number who had
an associate’s degree. We divided this sum by the total
number of individuals in each zip code and then multi-
plied this value by 100. Similarly, percent of population
with a college degree encompassed those over 25 who
attained a bachelor’s degree, master’s degree, professio-
nal school degree or doctorate degree, divided by the
total number of individuals in each zip code and multi-
plied by 100.
We quantified the number of recreational centers and
grocery stores in each zip code by examining North
American Industry Classification System (NAICS) data
codes 713940 for fitness and recreational sports centers
and 445110 for supermarkets and other grocery stores,
excluding convenience stores [34]. We looked these
codes up in Zip Code Business Patterns Database, main-
tained by the US Census, to find the number of each
type of business in each zip code [35]. We also enumer-
ated farmers’ markets in each zip code by manually com-























Figure 1 Data sources, variables and workflow overview. Patient-level
describing socioeconomic and obesogenic factors. Multinomial logistic reg
between these community-level factors and overweight and obesity.that each of these markets was still active with a phone call
or visit. We included markets that occurred at least once
every two weeks and ran for at least three consecutive
months. We normalized the number of recreation centers,
grocery stores and farmers’ markets in each zip code by
dividing by the population in that zip code and multiplying
by 1,000. Data sources, potential variables of interest and
an overview of the analysis steps are shown in Figure 1.Analysis
Our primary outcome was BMI category. We grouped
patients according to established cutoffs for normal weight
(18.5 ≤ BMI < 25), overweight (25 ≤ BMI < 30) and obese
(30 ≤ BMI < 45).
We performed multinomial logistic regression to esti-
mate odds ratios and 95% confidence intervals (OR, 95%
CI) comparing overweight and obese, respectively, to
normal weight. We clustered the patients in the analysis
at the level of the zip code. We assessed all variables for
collinearity and removed median household income,
average household income, median household effective
buying power and average effective buying power from
the analysis due to high collinearity with per capita in-
come. We screened each remaining variable for an as-
sociation with BMI at the α = 0.1 level. Next we used
backwards elimination to examine the significance of
each variable in the model at the α = 0.05 level, and then
allowed each variable eliminated at previous steps a
chance to re-enter the final model [36]. We assessed for
linearity in the logit using fractional polynomial model
comparisons, and accounted for interactions between
variables. We used Stata (Statacorps, SE version 12) for










data from the OSUWMC was linked by zip code to area-level data
ression was used to construct a final model describing associations
Roth et al. BMC Medical Informatics and Decision Making 2014, 14:36 Page 4 of 8
http://www.biomedcentral.com/1472-6947/14/36After creating our final model, we more deeply ex-
plored some of the factors that we hypothesized might
have more variability within and between zip codes. We
plotted grocery stores in the county on a map shaded
with the percentage of obese individuals from our cohort
in each zip code, and examined larger stores separately
to visually assess whether the size of grocery store might
be associated with BMI.
Results
Table 1 shows the overall distributions of age, gender
and race for our full final patient cohort, as well as
broken down by BMI category. The overall mean age
was 44, 62% of our subjects were female, and 72%, 25%,
and 3% of the sample were Caucasian, African American,
and Asian, respectively. Of these, 20,779 (33%) were
normal weight, 19,567 (31%) were overweight and
22,355 (36%) were obese.
Mean BMI varied across the zip codes from 25.0 to
30.7. The zip code with the lowest average BMI sur-
rounds the large state university, and thus is home to
many students and younger, often healthier individuals.
Yet even there, the average BMI (25.0) is exactly at the
cutoff of overweight, demonstrating the high prevalence
of overweight and obese across our population. Figure 2
depicts the percentage of obese individuals in each zip
code.
When adjusted for age, race and gender, we found that
more farmers’ markets/1,000 people [0.19, (0.10-0.36)],
more grocery stores/1,000 people [0.58, (0.36-0.93)] and
higher percentage of college graduates/10% increase
[0.80, (0.77-0.84)] were all significantly associated with
lower odds of obesity. The same factors showed a pro-
tective effect for overweight as well, exhibiting a dose
response relationship with the magnitude of the ORs
(Table 2).
Our results indicate that for every 10% increase in
percent of population with a college education, the odds
of being overweight decreased by 6% and the odds of be-
ing obese decreased by 20%, holding age, race, gender,
farmers’ markets and grocery stores constant. Similarly,
for each additional farmers’ market per 1,000 people, theTable 1 Characteristics of patient population
Full cohort
Population (count) 62,701




African American (%) 25.03
Asian (%) 3.23odds of being overweight decreased by 58% and the odds
of being obese decreased by 81%, holding age, race, gen-
der, grocery stores and percent with a college degree
constant. Finally, for every additional grocery store per
1,000 people, the odds of being overweight decrease by
26% and the odds of being obese decrease by 42%, hold-
ing age, race, gender, farmers’ markets and percent with
a college degree constant.
The size of grocery stores varied widely across the
zip codes in our catchment area. Figure 2a depicts all
NAICS-classified grocery stores, whereas Figure 2b in-
cludes grocery stores larger than 40,000 square feet. We
observe fewer large grocery stores in zip codes with higher
rates of obesity.
Discussion
More farmers’ markets, grocery stores, and higher per-
centage of college-educated residents are associated with
lower odds of overweight and even lower odds of obes-
ity. These results are consistent with many studies that
found similar associations between obesity and farmers’
markets, grocery stores, and college education using dif-
ferent study designs [15-18,22]. Contrary conclusions
from the literature generally examined obesity in a dif-
ferent context, for example in rural areas [20]. Like our
results, another study found that greater access to gro-
cery stores was associated with lower rates of obesity in
urban areas, but the same study found higher obesity
rates in rural areas with more grocery store access [37].
Clearly the verdict is still out on the exact mechanism
by which community-level factors impact obesity, which
likely is due to the multifactorial nature of the disease.
Thus it will be crucial to focus on strategies that are
context- and area-specific. An analysis that incorpo-
rates environmental factors is necessary to get to the
root of the problem and find solutions to obesity and
overweight.
While secondary use of EHRs has become a major
focus of clinical research informatics work, [29,38] to
our knowledge, none of these studies have attempted to
look at associations between community-level factors
and overweight and obesity. The data used in our workNormal weight Overweight Obese
20,779 19,567 22,355





a. All Stores b. Stores 40,000 sq. ft. and Larger 
19.0 27.0 % 27.1 35.0 % 35.1 43.0 % 43.1 51.0 %
Figure 2 Percent obese by zip code, 2010, with grocery stores plotted. a depicts all NAICS-classified grocery stores, whereas b only
includes grocery stores larger than 40,000 square feet. Fewer large grocery stores are observed in the areas with the highest levels of obesity.
Roth et al. BMC Medical Informatics and Decision Making 2014, 14:36 Page 5 of 8
http://www.biomedcentral.com/1472-6947/14/36are currently not available in the EHR; however, bringing
in additional data is not a new concept. Many are work-
ing towards integrating genomic data into the EHR to
enhance information for clinicians at the point-of-care
or for research and discovery purposes [39-42]. Our re-
sults indicate that this type of integration may provide
value for community- and area-level data as well. Rather
than collecting the datasets separately and integrating
them only for our analysis, these data could be made
available at the point-of-care, enabling clinicians to bet-
ter factor a patient’s environment into health recommen-
dations and treatments and researchers to more readily
perform this type of analysis.
Studying the impact of community-level data on health
in this way also raises additional questions as we explore
public health implications for this type of work. For ex-
ample, while we treated all grocery stores in the NAICS
classification system as equivalent for this analysis, in fact
we know that grocery stores do not all provide equal ac-
cess to healthy food. Larger grocery stores often have
more ability to buy in bulk and provide discounts onTable 2 Multinomial logistic regression, adjusted for age,
race, gender (ORs, 95% CI)
Overweight Obese
College-educated per 10% increase 0.94 [0.92, 0.97] 0.80 [0.77, 0.84]
Farmers’ markets per 1,000 people 0.42 [0.32, 0.55] 0.19 [0.10, 0.36]
Grocery Stores per 1,000 people 0.74 [0.57, 0.98] 0.58 [0.36, 0.93]produce, leading to more affordable and accessible healthy
foods. On the other hand, smaller grocery stores are often
limited in fresh produce and offer more packaged foods
that are non-perishable. These options contain more fat,
sugar and salt than fresh foods, and thus those who shop
at these smaller stores have more limited healthy options.
When we compared all grocery stores in Franklin County
to just the stores 40,000 square feet or larger, we observed
that the distribution of stores differed across zip codes in
the catchment area. This may explain the wider CIs as es-
timated by the regression model, as areas on the map with
higher obesity rates generally correspond to those with
fewer large grocery stores. In addition, the classification of
variables in this analysis may have had a huge impact on
its results, and we cannot ignore these implications as we
think about using these results in the future to affect
change. For example, if we were to add a grocery store
to a zip code with a high prevalence of obesity and
evaluate its effect on obesity rates in a longitudinal
manner, this work suggests that the size and type of
store would matter.
Augmenting our EHR data proved to be a useful and
valid method for hypothesis generation, a methodology
which we will continue to use with new community-level
factors and larger population areas. This case study dem-
onstrates the potential of combining community-level and
clinical data for studying overweight and obesity, among
other population health issues. We started with factors
that we already believed would be associated with obesity,
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where the associations are not established or even yet-
hypothesized. Moreover, without any changes to existing
EHR systems, zip code data are available for research pur-
poses. By adding data about the socioeconomic and obe-
sogenic factors in an individual’s environment, we can
paint a fuller picture of a patient population and gain bet-
ter insight into the clinical and non-clinical factors that
contribute to overweight and obesity. Understanding the
diverse environments of our patients can enhance com-
parative effectiveness research and provide insight into
why certain treatments or interventions are more effective
for specific populations. In this way, we can also better
predict the outcomes for individual patients, promoting a
more robust learning health system that incorporates a
holistic representation of each patient.Challenges, limitations and future directions
While promising, this work also reveals significant ob-
stacles for leveraging data collected in today’s healthcare
systems to fully enable patient-centered outcomes re-
search. We used data from the EHR, which can be biased
or faulty due to data entry errors. We did take this into ac-
count and removed records with implausible values for
BMI in our analysis. In addition to the data quality issue,
we removed these participants with the assumption that
they were more likely to be underweight or extremely
overweight due to illness, and could disproportionately
represent the sicker inpatients in our medical center.
These decisions, as well as the fact that this study explored
health and community factors in one Midwestern region,
may limit the generalizability of our results to other states
or populations.
Beyond erroneous values, EHR-derived data present
additional challenges when used for secondary purposes
such as research. These issues include missing data, het-
erogeneous data entry practices over time and between
physicians, and data stored in text fields, which are diffi-
cult to access and use for large-scale research [30]. Even
data stored in an easily-accessible structured format may
be unreliable or unusable for research, due to its initial
intended purpose, for example billing [43]. Furthermore,
unknown provenance and insufficient granularity may
limit the data from answering the research question of
interest [44]. Many are working to address such issues,
for example tackling the free text issue by developing so-
phisticated Natural Language Processing (NLP) tech-
niques [45,46]. As the larger informatics community
works to address such obstacles in the secondary use of
EHR data, we can still utilize this rich data source, keep-
ing cognizant of its limitations.
While more farmers’ markets may cause lower rates of
overweight and obesity, they might also be an indicatorof a health-conscious community that is more likely to
advocate for farmers’ markets in the neighborhood.
Without further longitudinal study, we cannot verify the
direction of causation. Similarly, the nature of this cross-
sectional study means we are looking at a snapshot in
time. Obesity and overweight do not develop overnight;
neither do robust farmers’ markets. From this analysis
we can only infer that the two are associated, but with-
out tracking the change in farmers’ markets or the
movement of individuals between different communities,
we cannot account for the temporality of the observed
association.
We also hypothesize that using community-level data
aggregated at the zip code level rather than at a more
granular, but difficult to obtain, smaller unit of locali-
zation may misclassify patients in terms of area-level
health factors. As zip codes are designed to optimize
mail delivery, they are not homogenous and therefore
cannot fully represent the obesogenic or socioeconomic
environments of their inhabitants [47]. To address this
issue, we are working to categorize our patients into
smaller groupings such as census tract, which would al-
low us to more fully explore variation of community-
level characteristics within zip code. However, obtaining
the patient address geocoded to the level of the census
tract for such a large cohort is a challenging endeavor,
given the limitations of current data warehouse pro-
cesses and the time involved.
Additional challenges arise from linking data from
multiple sources. While some data will match accord-
ing to the linker in each dataset, other entries will re-
main unmatched [48]. We were confronted with this
issue when we queried the PrimeLocation database for
community-level data describing zip codes within Franklin
County, which did not in fact cover all the zip codes
that comprised our patient cohort. This mismatch was
due to the fact that zip codes and counties do not
share perfect overlap, so the PrimeLocation classifica-
tion system did not include some of the zip codes
which were not fully contained in the county borders.
This forced us to exclude patients residing in those
districts from our analysis, which may have induced a
selection bias. Furthermore, each distinct data source
contained data from one point in time, but these do
not necessarily match. For example in our analysis,
our patient data were from 2010–2011, and the Pri-
meLocation data were from 2011. However, we could
not get 2011 data on number of establishments from
the US Census, so we had to settle for older data, ad-
ding possible misclassification into the analysis. Fur-
ther integration challenges likely would have arisen had
we been able to acquire this type of socioeconomic and
community resource data at the more granular level of the
individual patient.
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was semi-manual, but we are exploring options for bet-
ter integrating and sustaining these data sources long-
term. For example, by incorporating community-level data
into EHRs directly, we would not only attain more granu-
lar data at the patient level, but we would be better able to
validate and analyze it in a longitudinal fashion. Physicians
could use this additional patient context to make more
relevant health recommendations, which might improve
compliance and outcomes. Unfortunately, adding external
data into the EHR presents its own set of challenges re-
lated to accuracy and timeliness, which may not make this
option viable on a large-scale. However, efforts to integrate
community-level data into enterprise data warehouses are
underway, and these novel methods present a promising
approach to systematically integrate these data to answer
such research questions [49]. Our current work makes the
case for the importance of such efforts and informatics so-
lutions to facilitate this type of research.
The spatial issue impacts individuals who live on or
near zip code boundaries and may actually have more
access to community-level factors of a neighboring zip
code. Since we lacked individual location coordinates for
those in our study, we could not account for this phe-
nomenon in our analysis. For the same reason, we could
not measure distance to specific community-level re-
sources such as grocery stores, but instead had to use
the number of such resources per zip code, standardized
by population size, as a proxy. We also lacked informa-
tion about how far people will travel to purchase food,
which others have suggested may be important consider-
ations in actual food purchasing habits [50].
We plan to explore other methodologies, such as those
from the data science domain, which might enable us to
draw additional insights from this data [51]. We also will
explore creating a predictive model with these data, in
order to see if we can better predict a patient’s BMI cat-
egory using community-level data. As we expand this
work to other counties, states and health systems, we
can continue to test different methodologies that might
be appropriate for this type of work.
Conclusions
We combined EHR-derived patient level data with
community-level data to identify factors associated
with elevated BMI. Our results demonstrate the bene-
fit of combining these data sources to develop hy-
potheses about population health across a diverse
community. As current changes in care and reim-
bursement at the national level shift focus from acute
care to a wellness-based system, this type of work
exploring data-driven determinants of health at a
broad level is critical. The secondary use of EHR data
facilitates a learning health system where we caneffectively utilize the data contained in the EHR for
new insight and knowledge. In order to realize its full
potential, we must look beyond the EHR for supple-
mental data sources and integrate community-level
factors into studies of chronic diseases. Contextual
factors have already proven to be integral to the de-
velopment of chronic disease, and further study may
help illuminate how we can halt the progression of
epidemics like obesity and improve health.
Abbreviations
ARRA: American Recovery and Reinvestment Act; BMI: Body mass index;
EHR: Electronic health record; GIS: Geographic Information Systems;
HITECH: Health Information Technology for Economic and Clinical Health;
NAICS: North American Industry Classification System; NLP: Natural Language
Processing; OSUWMC: The Ohio State University Wexner Medical Center;
US: United States.
Competing interests
The authors declare that they have no competing interests.
Authors’ contributions
CR conceived of the study, collected the data, led the statistical analysis and
drafted the manuscript. RF, PP and PE all helped guide the analysis, provided
domain knowledge and expertise and helped shape the manuscript.
All authors read and approved the final manuscript.
Acknowledgements
The authors wish to acknowledge Taylor Pressler for her help developing the
study. We also wish to thank Eric Greene and Chip Allen at the Ohio
Department of Health for their assistance acquiring and mapping
community-level data.
Author details
1Department of Biomedical Informatics, College of Medicine, 250 Lincoln
Tower 1800 Cannon Drive, 43210 Columbus, OH, USA. 2Division of
Epidemiology, College of Public Health; The Ohio State University, Columbus,
OH, USA.
Received: 9 February 2014 Accepted: 30 April 2014
Published: 8 May 2014
References
1. D’Agostino RB, Vasan RS, Pencina MJ, Wolf PA, Cobain M, Massaro JM,
Kannel WB: General cardiovascular risk profile for Use in primary care:
the Framingham heart study. Circulation 2008, 117(6):743–753.
2. Flegal KM, Carroll MD, Kit BK, Ogden CL: Prevalence of obesity and trends
in the distribution of body mass index among US adults, 1999–2010.
JAMA 2012, 307(5):491–497.
3. Kopelman PG: Obesity as a medical problem. Nature 2000,
404(6778):635–643.
4. National Heart, Lung, and Blood Institute (NHLBI): Clinical guidelines on the
identification, evaluation, and treatment of overweight and obesity in
adults: executive summary. Expert panel on the identification,
evaluation, and treatment of overweight in adults. Am J Clin Nutr 1998,
68(4):899–917. http://www.ncbi.nlm.nih.gov/books/NBK2003/.
5. IOM: Accelerating Progress in Obesity Prevention: Solving the Weight of
the Nation. Washington, DC: The National Academies Press; 2012.
6. Wellman NS, Friedberg B: Causes and consequences of adult obesity:
health, social and economic impacts in the United States. Asia Pac J Clin
Nutr 2002, 11(Suppl 8):S705–S709.
7. Maffeis C: Aetiology of overweight and obesity in children and
adolescents. Eur J Pediatr 2000, 159(Suppl 1):S35–S44.
8. Das UN: Obesity: genes, brain, gut, and environment. Nutrition 2010,
26(5):459–473.
9. Rushton G: Public health, GIS, and spatial analytic tools. Annu Rev Public
Health 2003, 24:43–56.
10. McLafferty SL: GIS and health care. Annu Rev Public Health 2003, 24:25–42.
Roth et al. BMC Medical Informatics and Decision Making 2014, 14:36 Page 8 of 8
http://www.biomedcentral.com/1472-6947/14/3611. Frank LD, Saelens BE, Chapman J, Sallis JF, Kerr J, Glanz K, Couch SC,
Learnihan V, Zhou C, Colburn T, Cain KL: Objective assessment of
obesogenic environments in youth: geographic information system
methods and spatial findings from the Neighborhood Impact on Kids
study. Am J Prev Med 2012, 42(5):e47–e55.
12. Pearce J, Witten K, Bartie P: Neighbourhoods and health: a GIS approach
to measuring community resource accessibility. J Epidemiol Community
Health 2006, 60(5):389–395.
13. Thornton LE, Pearce JR, Kavanagh AM: Using Geographic Information
Systems (GIS) to assess the role of the built environment in influencing
obesity: a glossary. Int J Behav Nutr Phys Act 2011, 8:71.
14. Jilcott Pitts SB, Edwards M, Moore JB, Shores KA, Dubose KD, McGranahan
D: Obesity is inversely associated with natural amenities and recreation
facilities Per capita. J Phys Act Health 2013, 10(7):1032–1038.
15. Lamichhane AP, Puett R, Porter DE, Bottai M, Mayer-Davis EJ, Liese AD:
Associations of built food environment with body mass index and waist
circumference among youth with diabetes. Int J Behav Nutr Phys Act 2012,
9:81.
16. Mujahid MS, Diez Roux AV, Shen M, Gowda D, Sanchez B, Shea S, Jacobs DR
Jr, Jackson SA: Relation between neighborhood environments and
obesity in the Multi-Ethnic Study of Atherosclerosis. Am J Epidemiol 2008,
167(11):1349–1357.
17. Morland K, Diez Roux AV, Wing S: Supermarkets, other food stores, and
obesity: the atherosclerosis risk in communities study. Am J Prev Med
2006, 30(4):333–339.
18. Jilcott SB, Keyserling T, Crawford T, McGuirt JT, Ammerman AS: Examining
associations among obesity and per capita farmers' markets, grocery
stores/supermarkets, and supercenters in US counties. J Am Diet Assoc
2011, 111(4):567–572.
19. Leibtag E: Where you Shop Matters: Store Formats Drive Variation in
Retail Food Prices. Edited by Waves A. Economic Research Service/USDA;
2005. http://ageconsearch.umn.edu/bitstream/127354/2/FeatureWhereYou
ShopNovember2005.pdf.
20. Wang MC, Kim S, Gonzalez AA, MacLeod KE, Winkleby MA: Socioeconomic
and food-related physical characteristics of the neighbourhood
environment are associated with body mass index. J Epidemiol
Community Health 2007, 61(6):491–498.
21. Cheng JK: Confronting the social determinants of health–obesity,
neglect, and inequity. N Engl J Med 2012, 367(21):1976–1977.
22. Cohen AK, Rehkopf DH, Deardorff J, Abrams B: Education and obesity at
age 40 among American adults. Soc Sci Med 2013, 78:34–41.
23. Pipersburgh J: The push to increase the use of EHR technology by
hospitals and physicians in the United States through the HITECH Act
and the Medicare incentive program. J Health Care Finance 2011,
38(2):54–78.
24. Mensah GA, Mokdad AH, Ford ES, Greenlund KJ, Croft JB: State of
disparities in cardiovascular health in the United States. Circulation 2005,
111(10):1233–1241.
25. Blumenthal D: Launching HITECH. N Engl J Med 2010, 362(5):382–385.
26. Chaudhry B, Wang J, Wu S, Maglione M, Mojica W, Roth E, Morton SC,
Shekelle PG: Systematic review: impact of health information technology
on quality, efficiency, and costs of medical care. Ann Intern Med 2006,
144(10):742–752.
27. Prokosch HU, Ganslandt T: Perspectives for medical informatics. Reusing
the electronic medical record for clinical research. Methods Inf Med 2009,
48(1):38–44.
28. Bain MR, Chalmers JW, Brewster DH: Routinely collected data in national
and regional databases–an under-used resource. J Public Health Med
1997, 19(4):413–418.
29. Jensen PB, Jensen LJ, Brunak S: Mining electronic health records: towards
better research applications and clinical care. Nat Rev Genet 2012,
13(6):395–405.
30. Bayley KB, Belnap T, Savitz L, Masica AL, Shah N, Fleming NS: Challenges in
using electronic health record data for CER: experience of 4
learning organizations and solutions applied. Med Care 2013,
51(8 Suppl 3):S80–S86.
31. Miriovsky BJ, Shulman LN, Abernethy AP: Importance of health
information technology, electronic health records, and continuously
aggregating data to comparative effectiveness research and learning
health care. J Clin Oncol 2012, 30(34):4243–4248.32. Stamatakis KA, Leatherdale ST, Marx CM, Yan Y, Colditz GA, Brownson RC:
Where is obesity prevention on the map?: distribution and predictors of
local health department prevention activities in relation to county-level
obesity prevalence in the United States. J Public Health Manag Pract 2012,
18(5):402–411.
33. Vine M, Hargreaves MB, Briefel RR, Orfield C: Expanding the role of primary
care in the prevention and treatment of childhood obesity: a review of
clinic- and community-based recommendations and interventions.
J Obes 2013, 2013:172035.
34. US Census Bureau: North American Industry Classification System. https://
www.census.gov/eos/www/naics/.
35. Bureau USC: ZIP Business Patterns – ZBP. http://www.census.gov/epcd/
www/zbp_base.html.
36. Hosmer DW, Lemeshow S: Applied Logistic Regression. 2nd edition. John
Wiley & Sons Inc.; 2000.
37. Ahern M, Brown C, Dukas S: A national study of the association between
food environments and county-level health outcomes. J Rural Health
2011, 27(4):367–379.
38. Coorevits P, Sundgren M, Klein GO, Bahr A, Claerhout B, Daniel C, Dugas M,
Dupont D, Schmidt A, Singleton P, De Moor G, Kalra D: Electronic health
records: new opportunities for clinical research. J Intern Med 2013,
274(6):547–560.
39. Masys DR, Jarvik GP, Abernethy NF, Anderson NR, Papanicolaou GJ, Paltoo
DN, Hoffman MA, Kohane IS, Levy HP: Technical desiderata for the
integration of genomic data into Electronic Health Records. J Biomed
Inform 2012, 45(3):419–422.
40. Jing X, Kay S, Marley T, Hardiker NR, Cimino JJ: Incorporating personalized
gene sequence variants, molecular genetics knowledge, and health
knowledge into an EHR prototype based on the Continuity of Care
Record standard. J Biomed Inform 2012, 45(1):82–92.
41. Altman RB: Personal genomic measurements: the opportunity for
information integration. Clin Pharmacol Ther 2013, 93(1):21–23.
42. Kohane IS: Using electronic health records to drive discovery in disease
genomics. Nat Rev Genet 2011, 12(6):417–428.
43. Manion FJ, Harris MR, Buyuktur AG, Clark PM, An LC, Hanauer DA:
Leveraging EHR data for outcomes and comparative effectiveness
research in oncology. Curr Oncol Rep 2012, 14(6):494–501.
44. Hersh WR, Weiner MG, Embi PJ, Logan JR, Payne PR, Bernstam EV, Lehmann
HP, Hripcsak G, Hartzog TH, Cimino JJ, Saltz JH: Caveats for the use of
operational electronic health record data in comparative effectiveness
research. Med Care 2013, 51(8 Suppl 3):S30–S37.
45. Lopez MH, Holve E, Sarkar IN, Segal C: Building the informatics
infrastructure for comparative effectiveness research (CER): a review of
the literature. Med Care 2012, 50(Suppl):S38–S48.
46. Salmasian H, Freedberg DE, Friedman C: Deriving comorbidities from
medical records using natural language processing. JAMIA 2013,
20(e2):e239–e242.
47. Krieger N, Waterman P, Chen JT, Soobader MJ, Subramanian SV, Carson R:
Zip code caveat: bias due to spatiotemporal mismatches between zip
codes and US census-defined geographic areas–the Public Health
Disparities Geocoding Project. Am J Public Health 2002, 92(7):1100–1102.
48. Bohensky MA, Jolley D, Sundararajan V, Evans S, Pilcher DV, Scott I, Brand
CA: Data linkage: a powerful research tool with potential problems. BMC
Health Serv Res 2010, 10:346.
49. Rusincovitch SA PS, Gray R, Li K, Anderson ML, Brinson SW, Ferranti JM:
Design and implementation of an automated geocoding infrastructure
for the duke medicine enterprise data warehouse. AMIA Summits Transl
Sci Proc 2014, 2014: In press.
50. Kerr J, Frank L, Sallis JF, Saelens B, Glanz K, Chapman J: Predictors of trips
to food destinations. Int J Behav Nutr Phys Act 2012, 9:58.
51. Roth C, Shivade CP, Foraker RE, Embi PJ: Integrating population- and
patient-level data for secondary use of electronic health records to study
overweight and obesity. Stud Health Technol Inform 2013, 192:1100.
doi:10.1186/1472-6947-14-36
Cite this article as: Roth et al.: Community-level determinants of obesity:
harnessing the power of electronic health records for retrospective data
analysis. BMC Medical Informatics and Decision Making 2014 14:36.
